Abstract-This paper presents a new method for estimating the individual battery state-of-charge (SOC) of electric scooter (ES). The proposed method is to model ES batteries by using the f u z y inference neural network system. A reduced form genetic algorithm (RGA) is employed to tune control point of the B-spline membership functions (BMFs) and the weightings of the fuzzy neural network (FNN). The proposed FNN with RGA (FNNRGA) optimization approach can achieve the faster learning rate and lower estimating error than the conventional gradient descent method. The validity of the SOC estimator is further verified by a constructed multiple input multiple output (MIMO) FNN structure for estimating the SOCs of battery powered ES. A fixed velocity discharging profiles of the ES batteries are investigated to train the FNN for precise estimating the SOCs of the battery strings. Furthermore, a testing data profile is used to demonstrate the superior robust and over-fitting suppressed performance of the proposed method. The estimated SOCs are directly compared with the actual SOCs under different FNN methods, verifying the accuracy and the effectiveness of the proposed intelligent modeling method.
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1.

NTRODIUCTION
In order to reduce the main pollutants and the exhaust fumes emission, especially in large urban areas where the huge amount of internal combusting engine(1CE) powered vehicles and light vehicles are substantially growing. The considerable developments have been obtained in the area of electric vehicles(EV) and hybrid electric vehicles(HEV), whose use improves the environmental problems caused by the use of ICE vehicles. Therefore, the research and development of battery powered electric scooter(ES) to reduce the air pollution and environmental damage becomes more attention and interesting for the desired of the zero emission green power world [l,2] .
A high performance battery energy management system(BMS), and an accuracy cells state-of-charge (or battery residual capacity) estimation and monitoring system are the important issue in the modern intelligent electric vehicle system(EVs)[3-61. Early battery failure prediction, monitoring and cell state determination are necessary in the smart battery management system(Sh4BS). The battery state is based mainly on the state of charge(S0C) and state of health(S0H). Knowledge of the battery states gives us the ability to close the control loop using the battery state for electrical management. Increasing battery life and fault diagnosis are two important features of a SBMS. The battery pack charge and discharge processes are so complex that it is Wei-Yen Wang Taiwan E-mail:wnvne~.ee..fiu.edu.rw essential to consider many factors, the cell voltage, current, internal impedance and temperature gradients [3] [4] [5] . It is essential to have methods capable of accurately estimating the cell SOC. There are several methods for determining the SOC including; specific gravity measurement, coulomb integration method, mathematical battery model, neural network SOC estimation, fuzzy logic and adaptive neuro-fuzzy method [6, 7] . However, none of these estimation approaches accurately predict the residual capacity compared with the actual BRC. The adaptive neuro-fuzzy method was proposed in the literature [7] . This method uses only a multiple-input single-output(M1SO) system, and it is difficult to extend to a multiple inputloutput (MIMO) system. It cannot monitor the individual SOC in the battery string. However, in the intelligent battery module management system, the individual SOCs must be monitored because of the over charge and over discharge issues. Therefore, individual cell SOC determination with an intelligent algorithm plays an important role in smart battery management in a series connected lithium ion battery string [7, 8] .
This paper presents a novel fuzzy neural network method based on a genetic optimization scheme for determining the individual SOC in a battery string. The proposed intelligent method is adopted to model the batteries using a fuzzy inference neural network with B-spline membership functions(BMF) [S.P] . A reduced form genetic algorithm(RGA) is employed to tune the BMF control points and the FNN weights [lO,ll] . The proposed FNNRGA optimization approach can achieve a faster learning rate and lower estimation error than the conventional gradient descent and back propagation methods. The validity of the SOC estimator is further verified by a MIMO FNN structure constructed for estimating the SOCs of a lead acid battery string of ES. A discharge data profile of the batteries string is investigated to train the FNN for precise battery SOC estimation. An arbitrary test discharge data profile is used to demonstrate the superior robustness and over-fitting suppression features of the proposed method. The estimated SOCs are compared directly to the actual SOCs under different FNN methods, verifying the accuracy and effectiveness of the proposed intelligent modeling method. The proposed FNNRGA scheme can he easily implemented using a microcontroller and can he extended to estimate the SOCs of other battery types.
FUZZY NEURAL NETWORK MODELING
A novel method to estimate the SOC of battery pack has been designed by using computational intelligence approach with four-layer feed forward neural network technology [6, 9] .
In order to estimate the battery SOC effect and efficiency, we will present a fuzzy neural network method that cannot only consider one input but also be extended to a multi-layer input system [8, 9] . The proposed fuzzy neural network with the BMF algorithm has more advantages:
. To tune membership functions automatically * To adjust the controlled points that are contrary to the rules . To minimize the execution time and the iteration numbers for learning. Among the commonly used defuzzification strategies, the simplified fuzzy reasoning yields a superior result. The output yp of the fuzzy reasoning can be Constructed from the following equations :
where ui is the truth value of the premise of the ith rule and A precise battery SOCs estimation for the application ofthe electric vehicle system will be obtained by using the above well-trained intelligent computational techniques. By means of the MIMO FNN structure with gradient descent algorithm (FNNGD) that takes into account battery voltages, currents and battery temperatures as the input states to train the FNN simultaneously, and delivers useful results to estimate the individual cell SOC of battery strings. Fig. 2 shows the MIMO FNN structure for modeling the batteries SOCs. The testing data is used to examine the adaptability and robust performance under arbitrary load conditions. 
FNN WITH GENETIC ALGORITHM
Because the method used for adjustable fuzzy neural 'network structure learning is the same as previously described in Section 2, we will not repeat that information again here. A chromosome is defined as with the length of p = mx h+ (Ix (n+ 1)) . Thus, genetic algorithms are a part of a well-documented evolutionary process that mimics the natural evolution of a species to tune the system parameters. Their main purpose is to optimize the chromosome parameters. This is achieved by employing the crossover and mutation operations. The reduced form genetic algorithm produced optimized system performance.
A genetic algorithm requires a population of potential solutions to be initialized and maintained during the process. In this approach, a fixed population size number k is used to prevent infinite population growth. The number of chromosomes k needs to be even and larger than 3 for single ~ 2761 The two selected parents are recombined using a single point crossover operator. For each generation, the crossover operator will affect the offspring using the parents. The single point crossover operation is achieved by a linear combination of both parents and i s defined as shown below:
where j is the crossover point, determined by a sequential search based on the crossover point method. A denotes the elements ofthe offspring that remain the same as those in their parents and
The single point crossover operator crS(*) generates new genes e;,, only at the position j+l for all chromosomes with a linear combination of (p! and (pjy;)+i .The h i s a random number between 0 and 1.
The crossover point j for the single point crossover is determined using a sequential search based crossover point (SSCP). It searcher sequentially from j = 0 to j = p until the fitness function l/(l+&($')) > 1/(1 + E ( $ ' ) ) is completely explored. Where the fimess h c t i o n is defined as follows: has the highest fitness value (or smallest error). After the sorting operation, the first chromosome is the best in the population through its fitness function. The first chromosome is then used for mutation to replace the (k/2+1) th chromosome. According to the mutation rate p, , the genes inside the cp chromosome are randomly selected for -W Z + I mutation. Where two different intervals, D, and D, , are defined for the weights and control points the mutation operator is divided into two parts. The detail algorithm is showed in [ll] , and the flow chart of the computational approach with FNNRGA is conducted as follows:
I
As a result, it can obtain the optimum functional approximation by means of reduced form genetic algorithm(RGA). The FNN structure with RGA (FNNRGA) Aachen, G e m n y , 2004 is adopted to estimate the battery SOCs. The system configuration of the proposed MlMO FNNRGA structure is showed in Fig.3 . The RGA optimization method could be used automatically to adjust the set of control points and weightings. From the Fig. 3 , each chromosome can be tuned to obtain the precise battery SOC by means of RGA. It can be successfully applied in BMF fuzzy neural network to search for the optimal parameters, in spite of a vast number of adjustable parameters, including both the weightings of the FNN and the control points of the BMFs. Furthermore, the estimation of the battery SOCs, which are obtained by means of proposed FNN with the RGA optimization, and it can predict the more accurate than other approaches and the iterations of learning is the more less than using the traditional back-propagation neural network method (BPNN) and the FNNGD approach. Moreover, the faster convergence of FNN training can be achieved by using this method.
IV. EXPERIMENT AND ESTIMATING RESULTS
To select input data of the FNN is very important process in establishing a FNN model[ 12,131. The selection of the training data from the numerous filtered data significantly affects the estimation of the battery SOCs. So it will use several intervals test to find how many intervals which will achieve the optimal estimation of the battery SOC. Through the study of data selecting operation, a set of 11 data points is the best data selection method for the following battery SOC estimation and model verification. The average percentage error(APE) is defined to evaluate the estimation error between the simulated and the measured results as follows:
where C.and C,refers to the actual and estimated SOC. N is the number of training data sets or test data sets.
In order to validate and compare the proposed estimation method accurately predicts the batteries SOCs for the battery powered ES. Therefore, it is necessary to install a battery test platform and to measure the battery data on the ES system under the fixed velocity dicharging profile. Fig. 4 shows the battery measured and the data acquisition system for the ECE47 electric scooter under fixed velocity drive cycle in the testing platform. It consists of a personal computer, a data acquisition card, an AD590 for temperature measured chip, a shunt for measuring the battery current, an automatically measuring algorithm, and the lead acid battery pack in the electric scooter. Fig. 5(a)-5(d) are plotted the measured results of battery cell voltages, cell temperatures, current, and actual SOCs of the battery powered ES, respectively.
There are three methods can be adopted to estimate of the battery SOCs and for comparison. These methods include BPNN, FNNGD, and F"RGA. The determination results of individual battery SOC will be investigated and compared as follow. 
A. The BPNN method
The BPNN structure is a conventional neural network with back propagation algorithm[l4]. The battery cell voltages, current, and temperatures are the input of BPNN structure. The outputs are the SOCs of the battery string. The neural network with BP algorithm is trained by the set of battery discharging data profiles under the specified drive cycle. We set that the learning rate is 0.05, the number of the training iterations is 15000, and the 24 neurons in the hidden layer. The estimated results and the APE of each battery for the training data and testing data are shown in Figs.6(a) and 6@), respectively. The APE and the over-fitting of the estimating results are evidently not good agreement. A fuzzy reasoning neural network can be used to avoid over-fitting in the SOCs estimating results of the BPNN that is the less adaptive method[ 15,161. 
B. The FNNGD method
It considers all input battery states simultaneously, and delivers useful results to estimate the cell SOC of battery strings individual. Through the MIMO FNNGD system, each battery state can he monitored. We set the learning rate is 0.05, the number ofthe training iterations is 15000, and the number of the BMF is 2. The illustration results demonstrate the proposed FNN to achieve the precise SOC estimation. The testing data also demonstrate that the FNNGD has a better adaptive under different load. The estimated results and APE of battery SOCs estimation are showed in Figs. 7(8) and 7(h) for the same data profile to examine by the training data and testing data, respectively. The estimating results of FNNGD are easily located to a locale minimum. But the over-fitting and APE of SOCs estimation are greatly improved by the fuzzy reasoning and inference system. The FNN structure with RGA is employed to estimate the battery SOC. The RGA optimization method could be used to adjust the set of control points and weightings. From the Fig. 3 , it can automatically tune the each chromosome to obtain the precise battery SOC by means of RGA. The number of chromosomes is set 4, the number of the training iterations is 5000, the number of the BMF is 2, and the number of control point is 3. The estimated results and APE ofthe battery SOCs estimation are showed in Fig. S(a) . The FNNRGA method can estimate the SOCs more precise and less iteration of learning than the mentioned methods, and also can avoid to trip into local minimum. Fig. 8(b) shows the estimating results for the testing data. From the observation, the FNNRGA is also very good adaptive for eliminating the over-fitting effect. The essential features and observation can be summarized as follows: * The proposed R G A F " method has successfully estimated the individual battery SOCs of electric scooter and it can easily extend to apply other type of battery powered EVs.
-Comparisons from the estimating results by the proposed method and the experimental data show good agreement tn validate its accuracy and effectiveness for the batteries SOCs estimation. * The APE, the convergent rate of learning and the adaptive performance of the FNNRGA are better than other methods. * The over-fitting in the SOCs estimating results can be suppressed by using the proposed FNNGD and FNNRGA estimating methods.
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